Early warnings from automatic milk yield monitoring  with online synergistic control by Huybrechts, Tjebbe et al.
3371
J. Dairy Sci.  97 :3371–3381
http://dx.doi.org/ 10.3168/jds.2013-6913 
© American Dairy Science Association®,  2014 .
 ABSTRACT 
 Sensors play a crucial role in the future of dairy farm-
ing. Modern dairy farms today are equipped with many 
different sensors for milk yield, body weight, activity, 
and even milk composition. The challenge, however, is 
to translate signals from these sensors into relevant in-
formation for the farmer. Because the measured values 
for an individual cow show nonstationary behavior, the 
concepts of statistical process control, which are com-
monly used in industry, cannot be used directly. The 
synergistic control concept overcomes this problem by 
on-line (real-time) modeling of the process and applica-
tion of statistical process control to the residuals be-
tween the measured and modeled values. In this study, 
the synergistic control concept was developed and 
tested for early detection of anomalies in dairy cows 
based on detection of shifts in milk yield. Compared 
with the combination of visual observation and milk 
conductivity measurements, the developed strategy 
had a sensitivity of 63% for detecting clinical mastitis. 
Consequently, this technique could have added value on 
many farms, as it extracts practical information out of 
inexpensive data that are already available. As it can 
be easily extended to other measured parameters, the 
technique shows potential for early detection of other 
nutrition and health problems. 
 Key words:   early detection ,  milk yield ,  mastitis ,  sta-
tistical process control ,  synergistic control 
 INTRODUCTION 
 The current trend is toward larger dairies as a means 
of maintaining profitability; however, the availability 
of affordable skilled labor becomes more of a produc-
tion-limiting factor (Bewley, 2010). In this changing 
scene, modern dairy farms have 2 options for high-tech 
milking: a high-capacity parlor (milking many cows 
per hour) or automatic milking systems (AMS) that 
replace manual labor. As well as the main goal of milk-
ing the cow, milking provides an opportunity 2 or 3 
times each day to gather data from cows for virtual 
use in signaling emerging health problems. In farms 
with an AMS, there is generally no contact between the 
farmer and the cow during milking, whereas in farms 
where cows are milked in a high-capacity parlor, the 
farmer still has some time to visually detect problems 
(Hogeveen and Ouweltjes, 2003). However, to milk as 
many cows as possible in a given timeframe, the time 
spent per cow decreases significantly, causing little or 
no time available for the farmer to observe health sta-
tus or other conditions of the cows. 
 This development has created a need for sensors and 
management support systems to detect health prob-
lems on farms with AMS and on large farms in general 
(Ordolff, 2001). Such automatic monitoring systems, 
which complement or even replace the human senses, 
can limit the economic loss associated with diseases, and 
they play an important role in fulfilling the needs of a 
sustainable dairy farm (Nielsen et al., 2005; Chagunda 
et al., 2006; Brandt et al., 2010). However, the inter-
pretation of the measured signals is difficult because 
of the uniqueness of every cow (Nielsen et al., 2005; 
Chagunda et al., 2006). The observed variability in the 
signals can be categorized as inter- and intrasubject 
variability. The former refers to the variation between 
signals of different cows, whereas the latter refers to 
the variability in the signals obtained for one cow over 
a period of time and may be induced by a changing 
environment (Mertens et al., 2011). 
 A disadvantage of existing models and systems for 
the detection of mastitis and illness based on data of 
widely used sensors (e.g., milk yield, electrical conduc-
tivity, and activity) is the high number of false alarms, 
which hampers their practical application (de Mol and 
Ouweltjes, 2001; Rutten et al., 2013). In existing sys-
tems, high sensitivity (>80%) is often combined with 
low specificity and vice versa (Rutten et al., 2013). 
Only a model based on the detection of l-lactate 
dehydrogenase (Chagunda et al., 2006) and the Herd 
Navigator milk analyzer (DeLaval, Tumba, Sweden) 
seemed to perform well (80–82% sensitivity and 98% 
specificity). Consequently, successful management of 
livestock still largely depends on the skills, experience, 
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and assessment capability of the stockman (Mertens et 
al., 2011). The key to fully exploit these available data 
for improving process performance and product quality 
lies in understanding the information contained in the 
variation of the process (Deming, 1986). Variation can 
be interpreted as a change in the process but can also 
obscure a real change (de Vries and Conlin, 2003).
Statistical process control (SPC) is widely used in 
industry to understand and decrease process variability 
and to pinpoint abnormal or special-cause variation 
(de Vries and Conlin, 2003; De Ketelaere et al., 2011; 
Mertens et al., 2011). The major tool in SPC is the 
control chart (CC), first developed in the 1920s by 
Walter E. Shewhart (Shewhart, 1931; Montgomery, 
2009). Control charts, and SPC in general, have be-
come a main component in quality assurance programs 
in industrial production.
A review by Mertens et al. (2011) showed increasing 
interest in SPC in animal production, with a focus on 
poultry, dairy, and swine production. Yet, application 
of CC in animal production is still marginal, and papers 
on the practical benefits of implemented CC are not 
yet available (de Vries and Reneau, 2010). The cause 
is multifaceted. A first difficulty lies in the fact that 
SPC is bound to 3 assumptions of the statistical model 
underlying the calculations: The data used in CC (1) 
have to be stationary, (2) have to be independent, and 
(3) have to follow the distribution function associated 
with the CC used. In practice, 85% of raw process data 
violate these basic assumptions of CC (Alwan and 
Roberts, 1995). Most livestock process data also violate 
these assumptions (De Ketelaere et al., 2011). Apart 
from this technical challenge, potential users still have 
to become familiar with and convinced of the potential 
of the technique (de Vries and Reneau, 2010).
The crucial part for lifting SPC from the potential 
level to direct practical relevance is contained in a 
real-time approach (Mertens et al., 2011). To support 
daily livestock management, a CC should detect process 
aberrations at the start. As such, management can be 
adapted in a timely way, reducing production losses and 
keeping product quality at a high and constant level.
To be able to use CC in an ad hoc or online way, 
Mertens and colleagues (Mertens et al., 2008, 2009; 
Mertens, 2009) developed the synergistic control con-
cept, which combines the system identification power of 
engineering process control (EPC) with the monitor-
ing power of SPC. Engineering process control is the 
discipline that encompasses all the activities that focus 
on mathematical modeling of (production) system dy-
namics.
Most automatic detection systems that have been 
developed for use on dairy farms focus on the detection 
of clinical mastitis (CM), as this is still the most fre-
quent and costly disease in dairy production. Moreover, 
the detection of CM and abnormal milk is the critical 
success factor in AMS (Mollenhorst et al., 2012). Even 
though much research has been dedicated to this topic 
in the past decades, the quest for the perfect auto-
mated CM detection system continues (Hogeveen et al., 
2010). The main cause of the continuing quest is the 
fact that traditionally insufficient time is spent analyz-
ing the (complex) sensor data (Lehr, 2011). Based on 
this observation, Hogeveen et al. (2010) concluded that 
development of appropriate algorithms is a crucial part 
in the performance of a sensor system.
A simple parameter that can provide valuable in-
formation on the health of an individual cow is her 
milk yield (MY). This parameter is already measured 
on almost every modern dairy farm and its sensitivity 
to changes in animal health status has been reported 
by several researchers (de Mol and Ouweltjes, 2001; 
Edwards and Tozer, 2004; Nielsen et al., 2005; Lukas 
et al., 2009). Moreover, the effect of a disease on MY 
is often observed before the clinical diagnosis is made 
(Edwards and Tozer, 2004). The potential of MY as 
an early predictor of CM has been successfully tested 
(Deluyker et al., 1991; Lukas et al., 2009). Applying 
post hoc detection schemes that were based on milk 
yield data only, Lukas et al. (2009) found sensitivities 
of between 38.9 and 44.4% and specificities between 
99.5 and 98%. They concluded that such a system is 
simple and cheap and could alert the herd manager 
earlier of a nonspecific health problem.
As mentioned above, the real-time approach is cru-
cial for practical use. The main goal of this study was 
to expand on the online synergistic control concept ap-
proach developed by Mertens et al. (2011) and apply it 
to dairy cow MY recorded at each milking session for 
the detection of CM. Finally, the synergistic control 
concept is evaluated for detection of abnormal devia-
tions in MY caused by CM and compared with visual 
observation by the farmer.
MATERIALS AND METHODS
Study Data Set
Milk yield data from 2 AMS farms and 1 farm with 
a conventional milking system were used. The 2 robot 
farms, housing 55 and 120 cows, respectively, were 
equipped with 1 and 2 AMS (DeLaval) and were located 
in Flanders (Belgium). Amounts of milk were recorded 
using FloMaster milk meters (DeLaval). On the farm 
with 1 AMS, 168,392 milkings were recorded between 
November 21, 2005, and October 8, 2009. On the farm 
with 2 robots, 146,459 milkings were recorded between 
June 16, 2010, and November 3, 2011 (Table 1).
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The farm with the conventional milking system, 
located in Wallonia (Belgium), milked 110 cows in a 
double 10 rapid-exit milking parlor (Index 90, Fullwood 
Ltd., Shropshire, UK). Milk production was measured 
by using AfiFlo milk meters (SAE Afikim, Kibbutz 
Afikim, Israel) and recorded daily from each milking 
by using Afimilk software (Afifarm version 3.01A, SAE 
Afikim; Table 1). The cows on all 3 farms were 100% 
Black and White and Red and White Holsteins.
Development of the early detection algorithm was 
done on the 2 AMS data sets. To validate the alarms 
produced by the CC detecting CM, the logbook of the 
conventional farm was used. Clinical mastitis events 
were detected by the farmer based on visual inspection 
of the presence of clots. The farmer used also electrical 
conductivity measurements (Afilab, SAE Afikim), with 
an attention list for increased conductivity (12–18%) 
increasing with the lactation stage of the cow (i.e., in-
creasing DIM). All 56 CM cases in the logbook in the 
period from February 19, 2010, to September 22, 2011, 
were followed by an intramammary antibiotic treatment, 
5 were not analyzed because the start of the mastitis 
case was in the initializing period of the algorithm (see 
Online Trend Estimation section), and 2 cases were not 
taken into account because they occurred <7 d after 
a treatment for mastitis, which means the cow was 
not fully recovered or the treatment was not effective 
enough. The last milking before milk was diverted from 
the bulk tank by the farmer was taken as the reference 
point for the visual detection of mastitis. Detection by 
the CC at that moment or milk yield registration was 
considered a detection, which equaled zero up to that 
point. The 49 CM cases occurred, on average, after 138 
DIM (Appendix Table A1). The prevalence of mastitis 
in the monitored period was 34%.
Synergistic Control Concept
In the following sections, the synergistic control 
concept will be explained and described based on the 
case of milk weight, for cows milked in both AMS and 
conventional systems. In the first step, EPC was used 
to transform the nonstationary and autocorrelated MY 
data into normally distributed, stationary, and inde-
pendent data. This time series was then introduced in 
a CC. The different steps involved in constructing the 
CC are schematically summarized in Figure 1.
Engineering Process Control
Individual MY recordings vary as a function of days 
in milk and parity. It is also known that milking fre-
quency affects MY (Ouweltjes, 1998). Therefore, the 
measured MY values were standardized to remove the 
effect of time between milkings. In a second step, the 
observed lactation curve (nonstationary) was modeled 
and the model fit was removed from the observed data 
to obtain the residuals. Finally, the short-term correla-
tion between subsequent measurements (autocorrela-
tion) was captured with autoregressive moving average 
(ARMA) modeling and removed to obtain indepen-
dent data. These different steps are explained in more 
detail below.
Data Standardization. The most important differ-
ence between automatic and conventional milking is that 
cows can be milked voluntarily in the former system. 
As a consequence, the variation in milking interval is 
greater on farms with an AMS (Hogeveen et al., 2001). 
This influence makes the MY between milkings not di-
rectly comparable. de Mol and Ouweltjes (2001) solved 
the problem by calculating the milk weight produced 
in the last 24 h, replacing the original MY recording 
(the first standardization method). They used a linear 
function to model the cumulative yield between suc-
cessive milkings. The second standardization method 
tested was to correct the original MY recording for the 
milking interval in which it was produced, resulting in 
MY production per hour (kg/h).
Lactation Modeling. A typical lactation curve can 
be described in 3 phases (Figure 2). The first phase 
Table 1. Descriptive statistics of the production and cow variables for the 3 different data sets [2 automatic milking system (AMS) farms and 
1 conventional farm] 
Item
AMS farm 1 
(n = 168,392)1
AMS farm 2 
(n = 146,459)
Conventional farm 
(n = 112,636)
Mean SD Mean SD Mean SD
Milkings per cow per day (no.) 2.74 0.21 2.58 0.17 2.00  
DIM 270.5 170.2 119.2 11.5 190.0 114.1
Lactation number 1.76 0.94 2.38 1.47 2.42 1.54
Milk yield per milking (kg) 11.70 4.21 11.50 3.55 14.05 4.38
Time between milkings (h) 8.96 2.59 9.22 2.54   
Time between milkings (a.m.)     11.50 0.44
Time between milkings (p.m.)     12.46 0.39
1Number of recordings.
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starts after calving, with the initial milk yield increas-
ing to a maximum or peak yield; the second phase is the 
period in which peak yield is maintained; and the third 
phase is the decrease from the peak yield to the end 
of lactation (Grossman and Koops, 2003). It is easily 
seen that lactation is not stationary, hence violating the 
first assumption of a classical CC. To achieve stationar-
ity, the fitted lactation curve is subtracted from the 
observed data so that stationary residuals are obtained.
To deal with the issue of nonstationarity, the synergis-
tic control concept procedure (Mertens, 2009; Mertens 
et al., 2009) involves a description of MY variation as 
a function of time by means of (non)linear models. 
Several models have been suggested for describing a 
lactation curve (Dijkstra et al., 1997; Grossman and 
Koops, 2003; Val-Arreola et al., 2004; Dematawewa et 
al., 2007). The mechanistic Dijkstra (DJ) model con-
tains 4 coefficients and describes the patterns of mam-
mary growth (cell proliferation and death) of mammals 
throughout pregnancy and lactation (Dijkstra et al., 
1997). The multiphasic (MULT) model, developed by 
Grossman and Koops (2003), consists of 12 model coef-
ficients and describes the lactation curve in 4 parts. 
The increasing phase is modeled by an increasing logis-
tic function followed by the decreasing phase, which is 
further divided into 3 logistic functions. Val-Arreola et 
al. (2004) reported the best results for the DJ model, 
whereas Dematawewa et al. (2007) obtained the lowest 
prediction errors for the extended lactations for first, 
third, and greater than third parities with the MULT 
model. However, Dematawewa et al. (2007) recommend 
the DJ model if a mechanistic interpretation is required. 
Therefore, both the MULT and DJ models were used 
in this study to predict MY at every milking, based on 
the previously registered MY. The equations for these 
models are summarized in Table 2.
Online Trend Estimation. A recursive modeling 
approach with an initialization period of 14 standard-
ized milk recordings was used. In this initializing 
period, the individual coefficients of the MULT and 
DJ models were estimated based on the trust-region 
method (Coleman and Li, 1996). After this initial step, 
every new measurement was compared with the value 
predicted by the model. Only if this new data point 
was considered “in control,” which is checked in the 
SPC step, were the parameters of the model updated, 
as proposed by Mertens et al. (2009).
A weighting filter is used to progressively downweigh 
the influence of older data as these become less repre-
sentative for the current situation. For the 4 combina-
tions of standardization method and lactation model, 
goodness-of-fit measures were calculated. Accuracy was 
evaluated by comparing the following measures: the 
mean relative percentage deviation modulus (P), the 
root mean square error (RMSE), and the adjusted coef-
ficient of determination (R2adj), which are calculated as 
follows:
P %
| ˆ |
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−
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y y
y
i i
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with yi is the MY observation on milking i, yˆi is the 
predicted MY for milking i, y  is the average MY over 
the whole period, N is the total number of recordings, 
and p is the number of coefficients in the model.
ARMA Modeling. After subtracting the global 
trend by means of the online modeling procedure, the 
in-control residuals are checked for presence of a re-
sidual trend as autocorrelation. It is generally known 
that such a residual pattern (autocorrelation structure) 
is harmful to the performance of the cumulative sum 
Figure 1. Flowchart with the chronology of the different steps in building a cumulative sum (CUSUM) control chart for milk yield data 
(adapted with permission from Mertens, 2009). EPC = engineering process control; SPC = statistical process control; ARMA = autoregressive 
moving average modeling; Y = nonstationary, autocorrelated raw data; θ = stationary, autocorrelated data; θcorr = stationary, uncorrelated 
and independent data.
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(cusum) CC (see Cusum Control Chart section). A lag-
one autocorrelation, or the influence of a measurement 
on the next measurement of 0.25 or higher increases the 
false alarm rate of the CC significantly (Montgomery, 
2009). To model the autocorrelation in the residuals 
after standardization and trend modeling, an ARMA 
model is used. An ARMA model consists of 2 parts: 
autoregressive (AR) and moving average (MA). In an 
AR model, an observation at time t depends on previ-
ous observations, whereas the MA model represents the 
process in a finite weighted sum of the random error 
term (Del Castillo, 2002; Montgomery et al., 2008; 
Montgomery, 2009).
The online trend estimation is constructed in a way 
that only the new data points that are in control have 
influence on the updated model coefficients. Although 
it might be possible to have no missing values in the 
observations and no out-of-control points, the aim of 
the proposed system is to find out-of-control points. 
Therefore, the trend estimation and ARMA modeling 
must be able to deal with missing values in the time 
series. For such cases, Jones (1980) suggested a maxi-
mum likelihood estimation (MLE) approach to ARMA 
modeling.
Statistical Process Control
The monitoring of the process was performed by 
means of CC, a well-known tool in SPC (Mertens, 
2009). In a CC, the measured characteristics are plot-
ted as a function of time or sample number. The chart 
also contains 3 other lines: the center line denotes the 
mean value or expected value of the measured variable; 
the other 2 horizontal lines are the upper and lower 
control limits. The values of the control limits (CL) are 
chosen as such that the probability to acquire measured 
values outside the CL is sufficiently low while the pro-
cess is still in control (Montgomery, 2009). As a result, 
the width of the CL determines the trade-off between 
false-positive alarms (type I error) and false-negative 
alarms (type II error). A false-positive alarm occurs 
when a measurement values outside the CL is obtained 
while the process is still in control. A false-negative 
alarm occurs when an out-of-control process does not 
immediately result in an observation outside the CL. 
As different costs are usually related to the 2 types of 
errors, their cost should be taken into account when 
setting up the CC (de Vries and Reneau, 2010; Mertens 
et al., 2011).
The calculation of the CL depends on the type of 
CC used and is described below for each CC. The CC 
used in this work were the cusum and Shewhart CC. 
Both charts are available for normal, binomial, and 
gamma probability distributions (Montgomery, 2009). 
The combination of these 2 is ideal for the detection of 
small and large process deviations (Montgomery, 2009).
Shewhart Control Chart. Shewhart charts are 
specially designed for the detection of large process 
shifts (>3 standard deviations, σ) but are insensitive to 
smaller process changes (≤1.5σ). The CL are tradition-
ally set at ±3σ from the center line, giving an in-control 
zone of 6σ.
Cusum Control Chart. The cusum CC is designed 
for detecting smaller process shifts (<1.5 σ), which 
typically occur in biological processes (Devor et al., 
1992; Montgomery, 2009). The cusum CC consists of 2 
calculations: the first accumulates the deviations above 
the target value T that exceed a certain reference value 
K and is named the upper cusum, C+. The lower cu-
sum, C−, accumulates the deviations below the target T 
that exceed K. They are computed as follows:
 
C x T K C
C T K x C
t t t
t t t
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with starting values C C0 0 0
+ −= = ; xt is the observation 
at time t; T is the target value; K k= ⋅σ0(the reference 
value), and σ0 is the in-control standard deviation of 
the time series. The process will be out of control when 
the upper or lower cusum crosses the CL H h= ⋅σ0, 
where h is the decision interval.
The performance of the cusum chart depends on the 
multiplication factors k and h. To detect mastitis, the k 
and h values need to be set to detect the corresponding 
shift with high accuracy while generating a minimum 
Table 2. Equations used to model the lactation curves 
Lactational model1 Functional form2
Dijkstra (DJ) Y a b e c dtt
ct= ⋅ − −⎡⎣⎢
⎤
⎦⎥exp ( ) /1
Multiphasic (MULT) Y a e p e q et
t c b t g d= +⎡⎣⎢
⎤
⎦⎥ − + ( )
⎡
⎣
⎢
⎢
⎤
⎦
⎥
⎥
− +− − − − −1 1 1 0 5 1
2
/ / . /( ) ( )/ (t k h t k jp q e− − −⎡⎣⎢
⎤
⎦⎥ − − − + ( )
⎡
⎣
⎢
⎢
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⎥
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⎧
⎨
⎪⎪
⎩⎪⎪
⎫
⎬
⎪)/ ( )/) ( ) / .1 1 0 5
2 ⎪
⎭⎪⎪
1Dijkstra model: Dijkstra et al. (1997); multiphasic model: Grossman and Koops (2003).
2Where Yt is milk weight (kg) in function of time t; a, b, c, d, g, h, i, j, and k are the parameters defining the shape of the individual curve; and 
p and q also define the individual curve. The representation of this model was done as in Dematawewa et al. (2007).
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number of false alarms. This is quantified by the in-
control average run length (ARL0), an indication of 
the average time (or number of samples) between 2 
false-positive alarms. The second measure is the aver-
age time between a process shift and its detection and 
is denoted by the out-of-control ARL (ARL1). The 
ARL1 needs to be as short as possible, whereas ARL0 
should be as long as possible. According to Lukas et 
al. (2009), CM has a mean negative effect of 2.0 kg/24 
h and could be detected up to 4 d before diagnosis. 
Clinical mastitis was defined as a case where abnormal 
milk was detected. We estimated that it is acceptable 
for high-producing cattle to have a false alarm once a 
month. Based on an average value of 2.6 milkings/d for 
cows in an AMS, the ARL0 was set at 156 milkings. By 
setting ARL0 of 156 and the desired shift to detect at 
2.0 kg/24 h, k and h values of 0.5 and 3.23, respectively, 
were calculated by using ANYGETH software (http://
www.stat.umn.edu/cusum/software.htm; School of Sta-
tistics, University of Minnesota, St. Paul; Hawkins and 
Olwell, 1998).
RESULTS AND DISCUSSION
Standardization, Trend Modeling,  
and ARMA Modeling
Goodness-of-fit measures for the DJ and MULT lac-
tation models applied to the MY data obtained with 
Figure 2. The first 2 steps of engineering process control (EPC)—standardization and modeling—to obtain stationary residuals for the 2 
types of raw data. A, B: raw milk yield data of a cow milked in an automatic milking system (AMS) and parlor; C, D: raw data are standard-
ized to milk yield in kilograms per hour and lactation trend is modeled (black line); E, F: residuals, which are stationary and can be used in 
statistical process control.
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both standardization methods are summarized in Table 
3.
The DJ and MULT models had adjusted coefficients 
of determination (R2Adj) of 0.8244 and 0.8224, respec-
tively, for standardization method 1, and R2Adj of 
0.8177 and 0.8180 for standardization method 2. The 
difference in the accuracy of the different models for 
estimating milk weight per milking was not significant, 
which confirms the conclusion of Dematawewa et al. 
(2007) and the recommendation for smaller models with 
comparable accuracy. After removing the long-term 
pattern by the DJ recursive trend model, stationarity 
was achieved (Figure 2, panels E and F). The different 
standardization methods did not affect estimation ac-
curacy but did affect the autocorrelation structure of 
the residuals. A sawtooth pattern was observed in the 
autocorrelation structure of the cows milked twice a 
day. This was because the interval between 2 milkings 
is not constant. On this farm, the time between evening 
and morning milkings was longer than that between 
morning and evening milkings. When the second stan-
dardization method (kg/h) was used, the lag-one au-
tocorrelation was considerably lower (Figure 3). Thus, 
the most suitable EPC combined the DJ model with 
the second standardization method.
CC Performance
After removing the long-term trend modeled with the 
DJ model from the milk yield data from the farm with 
conventional milking parlor (standardized to kg/h), the 
residuals were plotted in the Shewhart and cusum CC 
with the higher defined control limits. The generated 
alarms were then compared with the notes in the farm-
er’s logbook to evaluate the performance of the system. 
This evaluation was based on sensitivity and specificity. 
Sensitivity was defined as the percentage of CM cases 
detected before or at the same time as diagnosis by the 
farmer, and specificity was defined as the percentage of 
milkings correctly classified as healthy.
Sensitivity. Of the 49 mastitis cases, 31 cases were 
detected by the proposed methodology at the same 
time or earlier than they were detected by the farmer. 
On average, CM was detected by the CC 1 milking 
before the farmer detected it and up to 4 d or (8 milk-
ings) in the best case. In Figure 4, the CC for cow 53 is 
illustrated. In this case, the synergistic control system 
gave an alarm 5 milkings before milk separation out of 
the bulk tank due to antibiotic use. This means that 
the change in MY caused by the early clinical stage of 
mastitis was detected 4 milkings in advance. However, 
in 18 CM cases, no alarm was given before the farmer 
began treatment for CM. We cannot verify whether 
the system would have given an alarm at a later stage 
because separation of the milk out of the bulk tank by 
the farmer resulted in a recorded MY of zero.
Compared with the results of Lukas et al. (2009), 
where udder problems were also detected based on 
deviations in milk yield, the online control system 
presented in this study had a 9% higher sensitivity. 
Hovinen and Pyörälä (2011) compared the results of 
automatic detection systems for CM reported by dif-
ferent researchers. Compared with the sensitivity of 
63% in the current study, only 3 studies out of 6 men-
tioned showed better results based on one parameter. 
It should be noted, however, that when the detection 
system was based on one parameter, electrical conduc-
tivity was the most common, whereas MY was only 
taken into account in a multiple-parameter model in 
earlier research on the detection of mastitis. This makes 
it difficult to compare our results with those of the 
Table 3. Goodness-of-fit test results1 for Dijkstra and multiphasic 
models combined with the standardization methods 
Method
Model2
Dijkstra Multiphasic 
Method 1: 24-h standardization
 P 3.8583 3.5714
 RMSE 1.2145 1.1407
 R2adj 0.8244 0.8224
Method 2: Milk production/h
 P 4.539 4.1834
 RMSE 0.079 0.0788
 R2adj 0.8177 0.818
1P = mean relative percentage deviation modulus; RMSE = root mean 
square error; R2adj = adjusted coefficient of determination.
2Dijkstra model: Dijkstra et al. (1997); multiphasic model: Grossman 
and Koops (2003).
Figure 3. Example of the autocorrelation structure of the residuals 
of a cow milked 2 a times day and the different standardization meth-
ods (standardization method 1 = 24-h production; standardization 
method 2 = kg/h production). rho = autocorrelation.
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other studies. Moreover, the different studies show a 
large variability in sensitivity and number of cases on 
which the automatic detection system has been tested. 
Taking these considerations into account, sensitivity of 
63% for automatic mastitis detection based solely on 
MY is considered very promising.
Specificity. Milk yield is not only affected by mas-
titis; for example, heat can also create a shift in MY 
(Bareille et al., 2003; Lukas et al., 2009). The desired 
detectable change in MY was 2.0 kg based on the re-
search of Lukas et al. (2009). Of the other health events 
described by Lukas et al. (2009), 16 had effects larger 
than that caused by mild mastitis and thus would have 
been detected by the CC. In Figure 5, we illustrate 
detection by the CC of the negative effect of rumen aci-
dosis on MY. The farmer treated the cow for acidosis at 
milking 153, but the effect on MY of the early acidosis 
or subclinical rumen acidosis was detected by the CC 
at milking 146 (8 milkings earlier). Because the logbook 
is incomplete in terms of recording all health events 
that could be detected, it is difficult to determine the 
specificity of this CC.
System Evaluation. The online synergistic control 
concept used here shows potential for dealing with 
inter- and intrasubject variability. The online and self-
learning approach on MY (data that are available on 
most modern dairy farms) makes this system readily 
applicable in practice. Although the alarms derived 
from MY monitoring are nonspecific, they draw the 
attention of the farmer to a specific animal. This al-
lows early detection and identification of the disease 
or problem, thus reducing the cost of treatment and 
minimizing the negative economic effect for the farmer 
and welfare effect for the animal (Lukas et al., 2009).
Sensitivity and specificity are very important when 
evaluating detection systems. Although this system 
could detect almost two-thirds of the mastitis cases in 
the current study, to be valuable, an automatic detec-
Figure 4. Control chart of milk yield of cow 53. Top: Course of the weighted milk yield standardized by method 1 and modeled by the 
Dijkstra model (Dijkstra et al., 1997). Bottom: cumulative sum (cusum) chart of the corrected residuals between measured value and predicted 
value based on the estimated trend. The red (alarm) points represent out-of-control observations. The farmer detected mastitis 1 milking before 
separation (milk yield = 0), and the control chart detected a shift 4 milkings in advantage. PTS = the change in upper and lower cusum. Color 
version available in the online PDF.
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tion system should offer sensitivity of at least 80% and 
specificity of 99% (Hogeveen et al., 2010; Hovinen and 
Pyörälä, 2011). A possible reason why sensitivity of 
only 63% was reached in our study is the fact that not 
every CM case has the same effect on MY. The effect 
depends on several of factors, including parity, stage of 
lactation, pathogen type, and degree of infection. Thus, 
cases of CM occur that are not detected because the 
effect was smaller than the desired change for which 
the control chart was designed. Besides the fact that 
this system does not offer the required sensitivity, it 
also lacks specificity. Many health events can cause a 
sudden decrease in MY. A possible solution to improve 
the sensitivity and specificity is to account for multiple 
parameters in a multivariate approach (Hogeveen et 
al., 2010). Monitoring correlations between several pro-
duction parameters, such as conductivity, activity, or 
milk content, could create more reliable information. 
This could be done by expanding the synergistic con-
trol concept to all measurable dairy production param-
eters that can be accurately modeled. Another way to 
increase the performance of a detection system would 
be to monitor a more specific parameter that is related 
to only one disease or event (Chagunda et al., 2006).
Apart from the potential of extending this concept to 
other model parameters, model robustness could also 
be improved. Five mastitis cases occurred in the first 
14 milk recordings (the initializing period) and they 
could not be detected. Mastitis occurs frequently in 
early lactation: around 25% of the CM cases in heifers, 
associated with all pathogens except Escherichia coli, 
were reported to occur in the first week of lactation (De 
Haas et al., 2002). By reducing the initialization period 
of the CC, it might be possible to increase the detec-
tion rate without losing sensitivity. The same situation 
occurs after a health problem, when the cow recovers 
to a certain level of milk production. In this period, the 
model has to reinitialize itself before it can detect shifts 
Figure 5. Control chart of milk yield of cow 93. Top: Course of the weighted milk yield standardized by method 1 and modeled by the 
Dijkstra model (Dijkstra et al., 1997). Bottom: cumulative sum (cusum) chart of the corrected residuals between measured value and predicted 
value based on the estimated trend. The red (alarm) points represent out-of-control observations. The farmer drenched the cow for acidosis at 
milking 153, and the effect of the disease was already detected by the control chart at milking 146. PTS = the change in upper and lower cusum. 
Color version available in the online PDF.
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in milk production; a second health problem occurring 
shortly after the first might be missed.
CONCLUSIONS
We presented a synergistic control concept method for 
applying CC to automatically detect health problems 
in dairy production. By applying this self-learning algo-
rithm to MY data of individual cows, we showed that 
information on the cow’s health status can be extracted 
from daily MY, a parameter that is already measured 
automatically on modern dairy farms. A sensitivity of 
63% for detecting CM, based on one parameter, indi-
cates the potential of SPC in animal production. The 
synergistic control concept is a unique method to use 
SPC online and represents an important step towards 
its practical use. This technique could be expanded to 
all measurable parameters in dairy production that can 
be accurately modeled.
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APPENDIX
Table A1. The 49 mastitis cases detected and time of occurrence 
Date  
(day/month/year) Cow ID DIM Detection1
29/03/2010 150 149 No
18/04/2010 6148 154 No
23/04/2010 97 185 Yes
16/05/2010 74 165 Yes
25/05/2010 120 213 No
22/06/2010 188 253 No
21/07/2010 46 253 No
21/07/2010 53 159 Yes
22/07/2010 150 264 Yes
1/11/2010 151 58 Yes
5/11/2010 85 56 Yes
11/11/2010 95 52 No
12/11/2010 44 21 Yes
19/11/2010 109 22 Yes
30/11/2010 30 48 No
2/12/2010 136 71 Yes
20/12/2010 46 40 No
26/12/2010 145 99 Yes
11/01/2011 112 72 Yes
14/01/2011 170 97 Yes
14/01/2011 189 110 Yes
17/01/2011 71 126 No
17/01/2011 76 126 No
27/01/2011 169 44 Yes
16/02/2011 49 116 Yes
19/02/2011 189 123 Yes
28/02/2011 46 110 Yes
7/03/2011 150 127 Yes
27/03/2011 104 151 Yes
8/04/2011 20 48 Yes
13/04/2011 28 194 Yes
2/05/2011 97 34 No
11/05/2011 197 213 No
19/05/2011 143 128 Yes
5/06/2011 20 106 Yes
5/06/2011 24 144 Yes
6/06/2011 178 271 No
14/06/2011 199 156 Yes
16/06/2011 54 191 No
12/07/2011 1451 269 Yes
14/07/2011 188 275 Yes
17/07/2011 157 259 No
20/07/2011 22 129 No
23/08/2011 149 161 No
27/08/2011 63 263 Yes
2/09/2011 39 228 No
15/09/2011 149 184 Yes
17/09/2011 1321 17 Yes
22/09/2011 100 43 No
1Yes = detected by control chart; No = only detected by the farmer.
